Manually labeling documents is tedious and expensive, but it is essential for training a traditional text classifier. In recent years, a few dataless text classification techniques have been proposed to address this problem. However, existing works mainly center on single-label classification problems, that is, each document is restricted to belonging to a single category. In this paper, we propose a novel Seed-guided Multi-label Topic Model, named SMTM. With a few seed words relevant to each category, SMTM conducts multi-label classification for a collection of documents without any labeled document. In SMTM, each category is associated with a single category-topic which covers the meaning of the category. To accommodate with multi-label documents, we explicitly model the category sparsity in SMTM by using spike and slab prior and weak smoothing prior. That is, without using any threshold tuning, SMTM automatically selects the relevant categories for each document. To incorporate the supervision of the seed words, we propose a seed-guided biased GPU (i.e., generalized Pólya urn) sampling procedure to guide the topic inference of SMTM. Experiments on two public datasets show that SMTM achieves better classification accuracy than state-of-the-art alternatives and even outperforms supervised solutions in some scenarios.
Introduction
Multi-label text classification is a fundamental task for textual information organization and management. The task assumes that each document is associated with one or more categories. For example, the paper "statistical topic models for multi-label document classification" [41] can be assigned to multiple categories: topic model, document classification and machine learning simultaneously. In the past decade, many researchers have developed approaches dedicated to automatic multi-label text classification, typically in a supervised manner: (1) manually labeling some sample documents, (2) training a model based on these labeled documents and (3) assigning category labels automatically on unlabeled documents with the trained model. These approaches often require a considerable number of labeled documents to train a high-quality classifier. However, manually building a multi-label training set is much more expensive than a single-label counterpart because an annotator needs to consider every possible category for each document. The quality of training set is also hard to control since a user may easily miss some categories when annotating a document.
Many research efforts have been made to reduce the labeling cost in multi-label text classification. Active learning, such as [27, 52] , iteratively selects the most informative documents from the unlabeled documents for human annotation. Semi-supervised learning, such as [42] , trains a model with both labeled and unlabeled documents. These approaches still need a significant number of labeled documents and remain expensive.
Recently, a weakly supervised setting has emerged to be a promising solution, called dataless classification. Without any labeled document, dataless setting assumes that there is a small set of seed words relevant to each category. Seed words are much easier to obtain because categories are often meaningful. For example, for topic model we can easily select some seed words such as "topic," "LDA," "Dirichlet." In dataless setting, users only need to focus on how to use some seed words to precisely describe each category rather than manually labeling a large number of documents. In this sense, dataless text classification techniques save a lot of human efforts. Recent studies on dataless text classification have achieved great success in single-label classification [3, 6, 24, 26, 28, 29, 43, 44] . It was found that dataless classifiers can achieve close or even better classification accuracy than the stateof-the-art supervised learning solutions [24] . However, whether dataless setting is applicable for multi-label text classification is unclear from the literature. This paper explores whether dataless setting can be applied to multi-label text classification. Multi-label dataless text classification is much more challenging than single-label dataless classification. A major difference of multi-label dataset is that a document can be associated with one or more categories. In single-label setting, each document can be modeled with the most relevant category [24] , whereas there could be an arbitrary number of categories for each document in multi-label setting. This difference also makes it difficult to assign category labels. Classical classifiers rely on training documents to tune a threshold for each category and apply the threshold on the test set for classification [11] . However, this strategy is not applicable in dataless setting since training documents are not available. Another challenge for multi-label dataless classification is how to effectively use the seed words. Typically users can only provide a limited number of seed words because users do not know all the relevant words for a category. A good model needs to deal with the documents that contain no seed word.
In this paper, we propose a Seed-guided Multi-label Topic Model to conduct multi-label dataless classification, named SMTM. In SMTM, each category is associated with a single category-topic which covers the meaning of the category. Typically, a document only uses a limited number of category-topics, which we call category sparsity. We model the category sparsity of the documents by using spike and slab prior and weak smoothing prior [16, 30] . The spike and slab prior allows us to set up a binary variable between a document and a category. This binary variable works as an "on/off" switch to decide whether the category is "selected" by the document. The binary variables are naturally decided in a probabilistic manner and can successfully model the category sparsity of the documents in dataless setting. To effectively use the seed words, SMTM resorts to word co-occurence information in the corpus. Specifically, we propose a seed-guided biased GPU sampling procedure for topic inference based on the generalized Poìya urn (GPU) model [33] . The proposed sampler promotes the relevant category-topics under a document and the relevant words under a category-topic in "the rich get richer" manner. In this sense, the semantics of the seed words are propagated during the topic inference procedure. The words that co-occur frequently with the seed words become more likely to be generated from the corresponding category-topic. With few seed words, SMTM is able to continually discover more relevant words which are further used to classify documents.
We evaluate our approach on two public datasets. Experimental results show that SMTM significantly outperforms the state-of-the-art dataless baselines and achieves competitive performance with supervised approaches. We also evaluate some variants of SMTM and discuss the results. Overall, the main contributions of this paper are summarized as follows -We propose a novel Seed-guided Multi-label Topic Model for multi-label dataless text classification, named SMTM. SMTM is devised to explicitly model the category sparsity of multi-label documents by using spike and slab prior and weak smoothing prior. To the best of our knowledge, this is the first work to classify documents into relevant categories in a multi-label and dataless manner. -We introduce a simple yet effective seed-guided biased GPU sampler to guide topic learning process of SMTM. With a few seed words provided for each category, the seedguided biased GPU sampler can identify the relevant words for each category based on higher-order word co-occurrence patterns, leading to promising classification accuracy in multi-label setting. -Our extensive experiments on two public datasets show that the proposed SMTM achieves significantly better classification accuracy than the existing dataless alternatives in terms of both Macro-F 1 and Macro-AUC metrics. Also, SMTM even achieves better performance than some supervised solutions in some scenarios.
The rest of the paper is organized as follows. In Sect. 2, we summarize the related works of this paper. In Sect. 3, we formalize the problem of multi-label dataless text classification. We then present the proposed SMTM model in detail in Sect. 4. Section 5 shows the experimental settings, results and discussions. Finally, we conclude the paper in Sect. 6.
Related work
Since our work is related to multi-label text classification, dataless text classification and topic modeling, we review the relevant works from these areas in this section.
Dataless text classification
Supervised text classifiers are often hindered by the need for a large number of labeled documents. One thread of the solutions is dataless classification, a weakly supervised setting that only requires some seed words for each category. The earliest works focus on building a pseudo-training set based on the given seed words, which we call classification based. Liu et al. [31] proposed to use seed words to build an initial training set from the unlabeled documents. Then EM algorithm is applied to train a classifier. Ko and Seo [19] proposed to construct context clusters based on seed words. Then a Naive Bayes classifier is learned accordingly by using bootstrapping algorithm. One problem of these approaches is the difficulty of controlling the quality of the pseudo-training set, which may lead to unpredictable noisy information into the training procedure.
With the development of semantic representations, some researchers proposed to embed categories, which are represented with seed words, and documents to a shared semantic space. Then the classification is conducted by searching the nearest category for each document, which we call semantic based. Chang et al. [3] built a dataless classifier by using Explicit Semantic Analysis (ESA) [12] based on Wikipedia, showing that dataless classifier is competitive with Naive Bayes in binary classification. Song and Roth [43] adapted the semantic method to hierarchical classification and evaluated the effectiveness of a few semantic representations in dataless setting. They found that ESA [12] performs the best in dataless classification. Song et al. [44] further adapted the ESA-based method to cross-lingual dataless classification. For multi-label datasets, they treated the multi-label classification as independent binary classification problems and labeled the top K relevant documents as positive for each category. However, the ESA-based method is not well suited for multi-label text classification. A drawback of this strategy is that it does not consider the imbalanced nature of multi-label datasets. This simple adaptation has been included in our experiments.
Another line of dataless classification research is built upon probabilistic models, which we call probabilistic model based. Druck et al. [10] constrained discriminative probabilistic models with seed words by using generalized expectation (GE) criteria. Chen et al. [6] proposed to use probabilistic topic models to conduct dataless classification. Li et al. [24] associated each document with a single category-topic as well as some general topics and then used explicit word co-occurrence to guide topic models to conduct single-label classification. Probabilistic models bring promising results in dataless classification. However, existing approaches all assume that each document is restricted to belonging to one category so that are not well suited for multi-label dataless classification.
Our work differs from these works in that we aim to conduct multi-label text classification in dataless setting. To the best of our knowledge, this is the first work to classify documents in a multi-label and dataless manner.
Multi-label text classification and topic models
Topic models have many applications in a broad range. Latent Dirichlet Allocation (LDA) [2] is a probabilistic topic model that extracts latent topics underlying a document collection in an unsupervised manner. In the past decade, researchers have adapted LDA to single-label supervised learning, such as Supervised Topic Model [34] , DiscLDA [21] and MedLDA [53] .
The first topic model designed for multi-label learning is Labeled-LDA (L-LDA) [38] . L-LDA makes a one-to-one correspondence for each category and each topic. In topic inference, L-LDA assumes that each document only uses topics that correspond to its associated categories. They further extended L-LDA to partially Labeled-LDA by allowing one or more topics for each category [39] . Rubin et al. [41] improved L-LDA by considering two conditions. They developed Prior-LDA by considering relative frequencies of categories and Dependency-LDA by considering dependencies between category labels. Soleimani and Miller [42] proposed a semi-supervised multi-label topic model (MLTM) to model documents in sentence level. MLTM assigns a category label to a document if and only if at least one sentence in the document is attributed to that category label. MLTM is reported to achieve the state-of-the-art classification results in terms of Macro-AUC [42] and thus is included in our experiments.
There is another line of research on discriminative approaches for multi-label text classification. There is a large body of research in this line. Since supervised solution is not the concern of this paper, we only include some representative works. The most simple and frequently used strategy is to adapt single-label classification solutions to the multi-label setting, that is, multi-label classification problem is transformed into a few binary classification problems so that the problem can be solved using binary classifiers [47, 48] . Besides these adaptation-based techniques, many researchers have proposed to model interdependencies between categories (i.e., category correlation) [13, 22, 40, 49] . Recently, some researchers have also adopted neural network techniques for multi-label classification [1, 5, 9, 32] .
Most existing works of multi-label text classification assume that there is a set of training documents. Since training documents are often expensive, some strategies have been proposed to save human annotating efforts for multi-label classification. Active learning [27, 52] and semi-supervised learning [42] are two popular strategies. However, they still require labeled documents and the performance of these approaches still degrades significantly when the size of the training set is not large enough. Tao et al. [46] designed an unsupervised framework for multi-label text classification based on the structure of Library of Congress Subject Headings (LCSH). The limitation of their approach is that the labels of LCSH are pre-defined so that their approach is not suited for general multi-label classification tasks.
Different from these works, we aim to conduct multi-label text classification by using some seed words instead of labeled documents. Our approach works in a weakly supervised manner such that a lot of human efforts can be saved.
Problem formalization
In this section, we formalize the problem of multi-label dataless text classification. Let D be a set of documents where D is the number of documents in the corpus. The vocabulary is denoted by
and N d is the number of tokens in document d. Let C = {1, 2, . . . , C} be a set of labels within the corpus where C is the number of labels and each c ∈ C is associated with a seed set S c . Note that S c is often small in size since users can only provide a limited number of seed words. Given all such S c , the problem of multi-label dataless classification is to assign a label set L d to each document d where L d = {c : c ∈ C}.
Our approach
In this section, we present the proposed Seed-guided Multi-label Topic Model for multilabel dataless text classification, named SMTM. We first describe the generative process and inference of our model. Then we introduce the proposed seed-guided biased GPU sampler, which enables effective supervision of seed words for multi-label dataless text classification.
Generative process and inference
In the paradigm of topic modeling, a hidden topic t is represented as a distribution φ t over the vocabulary, i.e., w∈W φ t,w = 1. The most probable words under a topic are expected to convey the corresponding semantic theme. A document d is characterized by a distribution over hidden topics θ d . A specific word w in a document is generated by firstly sampling a topic t w : t w ∼ θ d . Then word w is generated according to the word distribution φ t w : w ∼ φ t w . Usually, a Dirichlet prior is introduced over the distributions φ t and θ d , to alleviate the overfitting problem.
The purpose of SMTM is to identify the categories associated with each document by only using a few seed words for each category. It then becomes natural to represent each category as a hidden topic. The most probable words under a hidden topic present the semantic meaning of the corresponding category. Here, we make a one-to-one correspondence between a category and a topic. 1 We call the topics as category-topics in SMTM. Besides the category-topics, a document collection would contain general semantic information that is useless to help the classification. The representative examples include the common function words, the semantic information covered by all the category-topics. For example, given a document collection covering three sports relevant categories: football, basketball and tennis, the information relevant to the season schedule, medical treatment and salary would appear widely in each category. Including these words would hurt the discriminative ability of each category-topic. A background topic is often used to model the irrelevant information regarding the target task in the literature of topic modeling [4, 24, 35] . Following the previous works, we further introduce a background topic to model the general semantic information underlying the whole collection. That is, we have C category-topics and a single background topic, where C is the number of categories covered by the collection. Consider a sentence in a document that is assigned web and education in Delicious dataset: "I regularly update my blog, podcast, workshop curricula and social bookmarks." This sentence is expected to use a mixture of three topics, i.e., web, education and the background topic, where the two category-topics are expected to cover the highly related words (e.g., "blog," "podcast," "curricula") and the background topic is expected to include other background words (e.g., "regularly," "update"). In SMTM, we introduce a binary variable x d,i for word w d,i (i.e., the word at position i in document d). This variable works as a switch to determine whether word w d,i is generated by the background topic. The setting x d,i = 0 indicates that the associated word is generated by the background topic. Otherwise, word w d,i is generated from a category-topic associated with the document. The variable x d,i is sampled from a Bernoulli distribution with parameter λ. Here, we treat λ as a global parameter for all the documents. A beta prior with a symmetric hyperparameter π is added for parameter λ, which allows the value of λ to be iteratively estimated in a data-driven manner.
The generative story of a document in SMTM is as follows. For a multi-label document, SMTM first selects some candidate-topics which include some category-topics and a background topic. For each position in the document, SMTM then uses one of the candidate-topics and generates a word accordingly. Intuitively, the selected category-topics should correspond to the categories that this document belongs to. Although a text collection could contain a lot of categories, we observe that each document is likely to belong to only a small number of categories (i.e., category sparsity). Table 2 illustrates the statistics of the two document collection used for evaluation. Given about 20 categories covered by the two collections, respectively, we observe that each document belongs to no more than two categories on average (last column in Table 2 ). This suggests that each document typically has very few dominating category-topics, i.e., the categories of the document. A key challenge for the efficacy of SMTM is an appropriate mechanism to model this category sparsity for each document. This sparsity modeling is similar to L-LDA [38] , in which each document is restricted to using topics that correspond to its categories. However, assigned categories are not available in the dataless setting where no training document is used. Here, we propose to automatically select the categories for each document in a probabilistic manner (with the supervision of seed words). Specifically, we utilize spike and slab prior and weak smoothing prior together to enable the sparsity and the smoothness of the category-topic distribution for a document in SMTM.
The spike and slab prior is a well-known method to realize "on" and "off" switch selector in probabilistic topic models [16, 50] . It has been used to learn focused terms or focused topics for better topic inference [30, 50, 51] . In SMTM, spike and slab prior allows us to associate each document with a set of auxiliary topic selectors which determine whether each corresponding category-topic appears or not. In other words, these topic selectors indicate whether each corresponding category is "selected" by a document. Specifically, we introduce an auxiliary Bernoulli variable α d,c to control the presence of category-topic c in document d. The category c is assigned to document d when α d,c = 1. On the other hand, document d does not belong to category c when α d,c = 0. Inspired by Lin et al. [30] , we use a regular smoothing prior γ 0 and a weak smoothing prior γ 1 (γ 0 γ 1 ) to decouple the sparsity and smoothness, such that the prior of category-topic distribution for document d is defined to be
and 1 is the vector with all elements being 1. Note that the number of categories associated with a document is document dependent. Hence, for each document, α d,c is then sampled from a Bernoulli distribution with a document dependent parameter a d . A Beta prior with hyperparameters p and q is introduced over a d , such that the parameter a d is estimated according to the content of document d.
Another strategy is to simply regard all the category-topics as candidate-topics. However, we find that the sparsity modeling strategy can improve the classification performance (see Table 3 ). For clarity, we summarize all the notations and counters used in Table 1 . The graphical representation of SMTM is shown in Fig. 1 , and the generative process is formally described as follows:
Here, z d,i is sampled from the selected category-topic set A d . Since γ 0 γ 1 (γ 1 = 10 −7 ), we can get k∈A d θ d,k = 1 in the numerical sense [30] , which results in a much simpler inference procedure. The variables {β 0 , β 1 , p, q, π, γ 0 , γ 1 } are the hyperparameters for the corresponding prior distributions. More information regarding the prior distributions can be found in [15] .
In SMTM, α d,k is the key to enable multi-label dataless text classification. With the supervision of the seed words (detailed in Sect. 4.2), the value of α d,k is determined in a probabilistic manner. The switch will be "on" (i.e., α d,k = 1) when a document is highly The word at position i in document d
Category word indicator about whether w d,i is generated from a category-topic
Bernoulli distribution over category word indicator β 0 , β 1 Dirichlet priors γ 0 , γ 1 Regular smoothing prior, weak smoothing prior π , p, q
Beta prior n 0 The number of words assigned to background topic 
related to a category or "off" (i.e., α d,k = 0) when the document covers less semantic information of the category. That is, the model finds a category set for the document that best fits the document. The sparsity modeling for the document, in turn, enhances the quality of topi-cal words, which further improves the quality of category assignments for other documents. This category selection process continues until a global convergence is reached. Before introducing how we incorporate the supervision of seed words, we first introduce the inference algorithm for the above described model. We utilize Gibbs sampling for the approximate inference and parameter learning [14] . Since x d,i and z d,i are correlated in SMTM, we jointly sample x d,i and z d,i as follows:
where n 0 is the number of words assigned to the background topic, n 1 is the number of words assigned to the category-topics, n 0,w is the number of times word w is assigned to background topic, n c,w is the number of times word w is assigned to category-topic c, n d,c is the number of words assigned to category-topic c in document d, W is the vocabulary size, symbol ¬di means that the current assignment is excluded from the count. After sampling all x d,i and z d,i , we then sample each category-topic selector α d,c as follows:
where Γ (·) is the standard Gamma function, n d,· is the sum of n d,c over categories, |α d | is the number of category-topics selected by document d, symbol ¬c means that category c is excluded from the count.
Seed-guided biased GPU sampler
Without any supervision, SMTM is just an unsupervised probabilistic topic model. It is difficult to learn the relevant categories for the documents in a purely unsupervised manner.
Here, we propose a seed-guided Gibbs sampling procedure by incorporating the seed words through the generalized Pìolya urn (GPU) model [33] in topic inference.
Biased GPU promotion The generalized Pólya urn (GPU) model represents the discrete probability as colored balls in an urn. The probability of seeing a ball in a color is linearly proportional to the number of balls in that color in the urn. Traditional Gibbs samplers for conventional LDA models follow the simple Pólya urn (SPU) model. In SPU, when a ball in a particular color is drawn, that ball along with a new ball in the same color is put back, often expressed as "the rich get richer." If we perform this repeatedly, the distribution of the colored balls in the urn follows a Dirichlet multinomial distribution. The GPU differs from SPU in that, when a ball in a particular color is drawn, a certain number of balls in each color are put back along with the drawn ball. This idea has been used in topic modeling for encoding word relatedness knowledge [7, 8, 23, 25, 37] . That is, a new ball in the same color and also a certain number of balls in similar colors are put back along with the drawn ball. Different from these existing works, we propose a biased GPU sampler to guide the sparsity-oriented topic inference of SMTM under the supervision of seed words. By analogy with the GPU model, given a ball of category-topic c, we can put back more balls of category-topic c into document d if d is expected to be more likely to belong to category c. On the contrary, if we find that document d is less relevant to category c, a smaller number of balls of category-topic c will be put back instead. In this sense, the categories that are more related to a particular document will "get more richer" under this sampling strategy. A similar procedure can also be applied to guide the word distribution learning for the category-topics in SMTM. Now we explain the strategies for promoting the category-topic distribution and the word distribution.
Promotion for the category-topic distribution
We observe that a document is likely to belong to a particular category if the document contains the seed words of that category. Thus, we bias the category-topic distribution to prefer a particular category when this document has at least one seed word of that category. More formally, let I (d, c) be an indicator such that I(d, c) = 1 when document d contains at least one seed word of category c, and I(d, c) = 0 otherwise. The amount of promotion by the biased GPU sampler in SMTM is then calculated as follows:
In Eq. 3, μ is a tunable parameter in the range of [0, 1] to control the importance of observing seed words in a document. Based on Eq. 4, when μ = 1, no supervision from the seed words is utilized for the calculation of category-topic distributions. That is, the SPU model is recovered instead (i.e., P c,d = 1). When μ = 0, the categories covered by a document are restricted to the ones whose seed words appear in the document.
Promotion for the word distribution Similarly, we can promote the probabilities of the relevant words for each category-topic. Inspired by Li et al. [24] , we use explicit word cooccurrences to estimate the word relevance:
, ε
where d f (s) is the document frequency of a seed word s, d f (w, s) is the number of documents containing both word w and seed word s, S c is the set of seed words for category c, ε is a small value to avoid zero (ε = 0.01). Based on the above equations, if word w co-occurs very frequently with seed words of category c, v n (w, c) will have a larger value. Similar to Eq. 4, the promotion for word w under category-topic c is calculated as follows:
Model inference By using GPU model, the joint probability of the words in any topic is not invariant to the permutations of those words. The exact inference, therefore, becomes if x d,i = 0 then 5:
n 0 ← n 0 − 1 6: n 0,w d,i ← n 0,w d,i − 1 7: else 8: intractable. Following the work in [37] , we treat each word as if it were the last word, leading to a sampling procedure similar to standard Gibbs sampling based on Eqs. 1 and 2. The details of the biased GPU sampling process of SMTM are described in Algorithm 1. When updating x d,i and z d,i , n d,z d,i and n z d,i ,w d,i are sampled based on P z d,i ,d andP w d,i ,z d,i , respectively. A larger P z d,i ,d orP w d,i ,z d,i will encourage z d,i to be sampled from the corresponding categorytopic. With the two sampling strategies, the topic inference procedure is effectively supervised by the semantics of the seed words.
Multi-label classification
As mentioned above, SMTM automatically selects the relevant categories for each document in a probabilistic manner. For multi-label classification, we assign category label c to document d when the corresponding category-topic is "selected" by the document (i.e., α d,c = 1). For the purpose of performance evaluation, we can also derive a ranking of documents for each category in the descending order of p(c|d). We follow the work in [23] to estimate p(c|d) indirectly by using the summation over words (SW) strategy:
where p(c|w d,i ) can be obtained by using Bayes' theorem. #categories: the total number of categories in the dataset; #documents: the total number of documents in the dataset; #vocabulary: the size of the vocabulary; #avgLen: the average number of tokens for each document; #cardinality: the average number of categories of a document
Experiment
In this section, we conduct extensive experiments to evaluate the performance of SMTM 2 on two real-world multi-label datasets. We show that SMTM outperforms existing dataless alternatives. We further examine the scenarios in which SMTM achieves comparable or even better classification performance than the supervised learning solutions. At last, we investigate the impact of different parameter settings and convergence rate, as well as qualitative case study.
Datasets
Two public multi-label datasets are used for performance comparison. The first dataset 3 (called Ohsumed) contains medical abstracts from MEDLINE database. Following Joachims [18] , we consider the 13,929 unique abstracts in the first 20,000 abstracts. The task is to classify the documents into 23 cardiovascular diseases categories. There are 6286 training documents and 7643 documents for testing. Each document is associated with 1.7 categories on average. In our experiments, we use the standard training/test split. The second dataset 4 (called Delicious) consists of tagged Web pages retrieved from social bookmarking service delicious [54] . Following the work in [39] , we use the 20 most common tags for evaluation. For each document, we consider the tags annotated by at least 5 users. There are 21,670 documents, and each document is associated with 2 categories on average. We conduct fourfold cross-validation for this dataset. Both datasets were used previously in evaluating MLTM [42] . The datasets are tokenized with NLTK. The stop words, the words shorter than 3 characters and the words appearing in fewer than 5 documents are removed from both datasets. Table 2 summarizes the statistics of the two datasets after preprocessing. Following the seed word selection process used in [6] , we manually select the seed words for each category based on the topical words derived by standard LDA model:
1. Run standard LDA on the collection to infer latent topics. 2. Manually assign category labels to each topic. If a topic appears not related to any category, we do not assign a category label on that topic. 3. Manually choose at most 10 seed words based on the most probable 50 words for each labeled topic.
Note that standard LDA is an unsupervised model that effectively clusters semantically related words, which helps us conduct human selection. There are other approaches that could be used for seed words extraction. (e.g., synonymous words or external dictionary). However, the procedure applied here uses no external resource, but merely needs a minimal amount of manual filtering [6] . After the seed words selection, on average, each category contains 4.3 and 4.1 seed words for Ohsumed and Delicious, respectively. And a category has a maximum of 7 seed words for both datasets. These seed words are included in Appendix A.
Metrics
For performance evaluation, we utilize macro-averaged F 1 (Macro-F 1 ) and Macro-AUC [17, 41, 42] . Macro-F 1 and Macro-AUC are the averaged F 1 and AUC (i.e., area under ROC curve) scores of all categories, respectively. Let TP c , FP c and FN c be the number of true positive, false positive and false negative, respectively, for category c. Then we can obtain Macro-F 1 metric as follows:
Macro-AUC is a ranking-based metric, i.e., it tests the ranking prediction of the most relevant documents for each category. For each category c, we first derive a correlation score S(c, d) for each document d based on the classifier. Then we obtain a receiver operating characteristic (ROC) curve by plotting the true positive rate against false positive rate with various threshold settings. The area under the ROC curve is computed for each category, and Macro-AUC is the average area across categories. A random decision rule gives Macro-AUC = 0.5; a perfect prediction achieves Macro-AUC = 1.
Baselines
For thorough comparison, we evaluate SMTM against state-of-the-art supervised and dataless classifiers, as well as some variants of SMTM. We first consider three supervised baselines:
-SVM A widely used supervised text classifier. We use a linear kernel and one-vs-rest scheme with TF-IDF weighting. The SVM implementation in sklearn toolkit is used. We tune the penalty parameter C on the set {10 i |i = −5, −4, . . . , 4, 5}. -L-LDA The labeled LDA 5 [38] is a topic modeling-based supervised approach for multilabel classification. The parameters are tuned, and the best result is reported. -MLTM The recently proposed semi-supervised multi-label topic model with sentencelevel modeling 6 [42] . We use the implementation 7 provided by the authors and use their recommended settings. In our experiments, we report the results with full training set, which yields the best results for this model.
Tuning decision threshold based on the training set is an important step for supervised multi-label text classification [11, 41] . For the supervised classifiers (i.e., SVM, L-LDA and MLTM), the threshold is selected using a fourfold cross-validation. As mentioned in the related work, there are three types of dataless classification techniques, i.e., classification based, semantic based and probabilistic model based. For thorough comparison, we consider the state-of-the-art solutions from each type: -SVM s , L-LDA s and MLTM s The straightforward classification-based approaches. We build a pseudo-training set by associating a training document with a category if the document contains at least one seed word of that category. Then we train a supervised classifier accordingly. We build three dataless classifiers in this setting by using SVM, L-LDA and MLTM, respectively. The threshold selection process is the same to supervised selection strategy but conducted over the pseudo-training set. -ESA The Explicit Semantic Analysis-based dataless classification using Wikipedia [3] , which is the state-of-the-art semantic-based solution. The recommended setting is used in our evaluation. We use bootstrapping described in [44] since bootstrapping is reported to improve the results of ESA-based methods. We treat the problem as independent binary classification problems and follow [44] by labeling the top K relevant documents as positive for each category, where K is tuned and the best result is reported. -WMD Word mover's distance is a state-of-the-art word embedding-based metric for measuring document distances [20] , which is also a semantic-based solution. Similar to ESA, we conduct classification based on semantic distances between documents and categories which are represented with seed words. We implement WMD with the pretrained 300-dimensional word embeddings 8 from Google News based on Word2Vec [36] . -DescLDA Descriptive LDA [6] is a state-of-the-art probabilistic model-based dataless classifier. Similar to semantic-based solutions, we label the top K relevant documents as positive for each category.
Note that STM [24] explicitly models only one category for each document so that it is not directly applicable to multi-label classification. We further consider some variants of the proposed model by removing or replacing some components in SMTM:
-SMTM -sparsity Recall that we explicitly model the category sparsity in SMTM. Here, we remove the sparsity part in our model. That is, we do not use binary selectors α. Then we adopt the same top K strategy used in the baselines to conduct multi-label classification. -SMTM -category promotion A variant without the promotion for category-topic distribution. We simply set μ = 1 (see Eq. 3), so that no supervision from the seed words is utilized for the calculation of category-topic distribution for a document. -SMTM -word promotion A variant without the promotion for word distribution. We fixP w,c = 1 (see Eq. 8) so that no bias is incorporated in the sampling process of the words under each category-topic. -SMTM + word embedding Recall that SMTM uses explicit word co-occurrences in the target corpus to estimate P(w|s) (see Eq. 5). We further consider a variant of SMTM that estimates P(w|s) from word embeddings learned from a large external corpus, i.e., the pre-trained 300-dimensional word embeddings from Google News based on Word2Vec. For SMTM, we set μ = 0.3, π = 1, p = q = 1, β 0 = β 1 = 0.01, γ 0 = 50/C and γ 1 = 10 −7 . Fast convergence of SMTM is observed in our experiments. We conduct the classification after running SMTM for 100 iterations. The averaged result over 10 runs is reported. For fair comparison, the same seed words are used for all dataless methods. The best and the second best results by dataless classifiers are highlighted in boldface and underlined, respectively. #F 1 : Macro-F 1 score; #AUC: Macro-AUC score
Results and discussion
The classification performance over the two datasets is reported in Table 3 . We observe that SMTM significantly outperforms all other dataless methods in terms of both Macro-F 1 and Macro-AUC on both datasets. Among all dataless baselines in comparison, ESA delivers the best Macro-F 1 scores on the two datasets, however, with an expensive external knowledge base. We can also find that our approach is much better than DescLDA. Note that DescLDA is also built upon probabilistic topic models but designed for single-label classification. This suggests that our approach successfully discovers the underlying topical structure of multilabel documents, leading to better classification results. As expected, the supervised classifiers like SVM and L-LDA obtain better classification performance than all the dataless classifiers. However, we observe that our approach does the best to close the gap. In fact, the gap between SMTM and L-LDA is small in terms of Macro-F 1 , and SMTM even achieves better Macro-AUC scores than L-LDA. The results of MLTM on both datasets are comparable with the ones reported in [42] . An interesting finding is that SMTM outperforms MLTM on both datasets in terms of Macro-F 1 . Note that SMTM and MLTM are both probabilistic topic model-based techniques. The superiority of SMTM over MLTM confirms again that explicitly modeling category sparsity of the documents is an effective mechanism for multi-label dataless classification.
SMTM is superior to all its variants. This suggests that the proposed sparsity modeling and promotion strategies are effective. The performance loss when removing either promotion strategy (i.e., promotion for the category-topic distribution or the word distribution) validates that the two promotion strategies are complementary so that their combination leads to better classification accuracy. Interestingly, SMTM + word embedding, though with an external resource, underperforms SMTM in all settings. This suggests that using the semantic knowledge in target collection could be more effective than resorting to an external resource, possibly due to the discrepancy in domains.
Comparison of SMTM and supervised classifiers
Though SMTM is significantly superior to dataless baselines, from Table 3 , we observe that SVM is significantly better than our model. Thus, supervised classifiers should be preferred when training data are large in volume and of high quality. Here, we are interested in conducting a deeper comparison of SMTM and supervised classifiers. Specifically, we will discuss a few scenarios in which our dataless classifier will be a more desired choice than supervised classifiers.
First, to better understand the performance of our model, we visualize the F 1 per category in Fig. 2 . We observe that, surprisingly, SMTM outperforms L-LDA in terms of F 1 for about one third of the categories on both datasets. For some categories, SMTM also surpasses SVM. The categories for which SMTM outperforms SVM by more than 3% are Neoplasms in the Ohsumed dataset, and java, education in the Delicious dataset. One possible reason is that these categories are better described by the seed words than the labeled documents. This suggests that seed words could be very strong indicators for some categories, which are even better than labeled documents. That is, seed words could possibly substitute the labeled documents for some categories and result in an even better text classifier. Thus, our approach could possibly be used only to a part of the categories that are precisely described by seed words so that labeled documents are not required for those categories. In this sense, human efforts can be saved with only slight or even no performance loss.
Second, the volume of training data is critical to the effectiveness of supervised classifiers. Here, we would like to find the number of training instances at which SVM starts to outperform SMTM. Following the work in [6] , we randomly create the subsets from training documents such that the proportion of documents under each category is identical to that of the whole training set. The performance pattern of SVM in terms of Macro-F 1 is shown in Fig. 3a . It takes about 1000 training documents for SVM to obtain comparable performance with SMTM on both datasets. Note that SMTM only uses about 4 seed words for each category on average. SMTM would be a desired choice when a large number of labeled documents are not available.
Third, in many applications, there is only a "partial" set of category labels for a document in the training set [45] . To prepare a multi-label dataset, a user has to consider every possible category for each document. It is likely that the user will miss some proper categories. When a user provides a particular category label for a document, we know that the category is proper. However, for the categories not provided, we cannot conclude that they are not proper. Regularly, "partial" category labels will degrade the performance of supervised classifiers. To simulate this scenario, here, we construct the document datasets with partial category labels. Specifically, we set a specific ratio of the category labels for each document and train an SVM classifier accordingly. For example, given a document with 10 distinct labels, we randomly pick 8 labels from the document for model training, when the ratio is set to be 80%. The result is reported in Fig. 3b . We observe that the performance of SMTM is close to SVM using about 50% to 70% of the category labels for each document. For supervised classifiers, it is expensive to ask human annotators to carefully consider all the categories and assign a perfect category label set for each document. Our dataless classifier will be preferable when the quality of labeled documents cannot be guaranteed.
Impact of parameters and the number of iterations
Our model has a few parameters. We study the impact of those parameters by varying each parameter, respectively, with other parameters fixed. Note that we do not consider γ 1 and fix it to 10 −7 since the Gibbs sampling algorithm holds only when γ 1 is very small. In our experiments, we find that our model is not sensitive to most parameters, except μ and γ 0 . The performance patterns of SMTM with different μ and γ 0 values are plotted in Fig. 4 . The two parameters can be well interpreted. μ controls the importance of observing seed words. Small μ value indicates that the appearance of a seed word is a very strong indicator of the corresponding category. γ 0 controls the category sparsity of each document and can be understood as a "threshold" of assigning a category label. A small γ 0 value means a document will be assigned more category labels, that is, a category will be included even when this category is only weakly related to a document. A large γ 0 results in a small number of category labels for each document, which means a category will be included only when this category is highly related to a document. We can observe that a larger γ 0 (i.e., about 1 to 5) leads to better performance, consistent with the assumption that the category-topic distribution for a document is sparse. In our evaluation, we set γ 0 = 50/C on both datasets, which is a typical value for topic models. For other insensitive parameters, we also set them to typical values.
Fast convergence of SMTM is observed. The performance with respect to the number of iterations is plotted in Fig. 5 . We observe stable performance after about 10 iterations. Table 4 shows the most probable words under some sample category-topics learned from the Delicious dataset by using SMTM and L-LDA. Observe that, in addition to the seed words, SMTM discovers other relevant words for each category. For example, SMTM finds "obama" in category politics and "desktop" in category computer, although both are not seed words. We also observe that some irrelevant words are discovered by L-LDA, e.g., "new," "one," "use" and "would." Note that L-LDA uses a large number of labeled documents in learning. The above observations show that SMTM can discover meaningful category-topics that are comparable with supervised topic models. Table 5 shows three documents in the Delicious dataset. We make the following observations. First, most of the words are generated from the background topic in SMTM. It is reasonable because regularly only those words highly relevant to a category are expected to be generated from the corresponding category-topic. Second, each document only uses category-topics that correspond to its prediction, which provides evidence of the effect of sparsity modeling of SMTM. Third, SMTM can correctly classify a document even if the document contains no seed word. For example, in the second document, there is no seed word of politics. Nevertheless, SMTM successfully associates the document with politics. An explanation is that some words in the document (e.g., "democratic," "obama") frequently co-occur with the seed words of politics and are identified as relevant words by our model. The seed words of SMTM are highlighted in boldface, and irrelevant words are underlined Table 5 Topic assignments of some documents in the Delicious dataset. The words and punctuations that are removed in the preprocessing step are shaded with gray. Black words are generated from background topic; red from education; blue from web; purple from politics. The seed words are underlined. Note that there is no seed word in the second document
Topic visualization and case study

Conclusion and future works
In this paper, we proposed a novel Seed-guided Multi-label Topic Model for multi-label dataless text classification, named SMTM. Without any labeled data or external resource, SMTM only needs few seed words relevant to each category to conduct multi-label classification. The experimental results on two public datasets show that SMTM outperforms existing state-of-the-art dataless baselines and some supervised techniques. We further discussed some scenarios in which SMTM is a more desired choice than supervised solutions. Our approach is preferable when training data are not large or the quality of the data cannot be guaranteed. It is also desirable to use our approach only on the precisely described categories so that labeled documents are not required for those labels.
For future works, we plan to test whether dataless setting is applicable to extreme multilabel classification. Our experiments are conducted on two normal-sized multi-label datasets. In real applications, the number of categories could reach hundreds of thousands or millions. It is interesting to check whether SMTM can work in this situation. In our evaluation, we used LDA-based strategy to select seed words for each category. However, this strategy may not work well when the dimension of the category space is extremely high. It is also necessary to develop more advanced strategies to select seed words.
And the seed words for Ohsumed are listed as follows: 
